Based on the existing researches, and in combination with the knowledge of artificial intelligence, management decision science, and theoretical derivation, this study constructs a flood forecasting model based on the improved neural network algorithm, applies it to flood forecasting and flood damage assessment, proposes a flood decision support system consisting of external conversion layer, information processing application layer and database layer, and optimizes BP neural system in view of its defects of slow convergence speed and long iteration time by genetic algorithm. The actual forecasting results show that the improved BP neural network proposed in this study has higher forecasting accuracy, and the correlation coefficient between forecasting results and actual monitoring results reaches 96%, far exceeding the forecasting accuracy of RBF neural network algorithm (68%), which proves the feasibility and rapidity of the proposed algorithm. The improved BP neural network algorithm is used for rapid flood disaster assessment, and the needs of flood disaster assessment in different stages are specifically analyzed. In terms of accuracy, the RBF algorithm's disaster assessment grades are relatively small, and the assessment effect using the algorithm proposed in this paper is the best.
Introduction
Flood disasters cause severe economic damage and casualties worldwide, and the direct economic loss caused by floods each year in China alone is about 40 billion U.S. dollars. The traditional approach to flood control is to build reservoirs, plant trees around the basin, and dredge river channels. However, in this way, the flood control income is far from meeting up the expenditure, due to the long construction period and huge investment in the early stage (Tingsanchali, 2012; Levy, 2005) .
The forecasting and assessment of flood disaster is a non-engineering measure to prevent flood in recent years Parker, 2004; Sene, 2008; Boosik et al., 2010; Todini, 1999; Hijji et al., 2017; Song et al., 2012) . Due to the suddenness, complexity and other characteristics of flood disasters, there are many defects in traditional disaster assessment and forecasting, such as poor timeliness, low prediction accuracy, and large gaps between forecasting and assessment results and the actual results (Yan, Fan and Jing, 2017; Wang and Cheng, 2008; Morita and Fukuda, 2002; Qing and Qiang, 2007) .
Flood Prevention Decision Support System (DSS) is a real-time flood forecasting and assessment system developed on the basis of artificial intelligence, which achieves an objective, scientific and accurate flood forecasting based on numerical simulation and artificial intelligence technology (Legono, 2003; Hames, Woodward and Gouldby, 2012; Dastorani, 2007; Sharma and Goyal, 2017) . At present, researchers have applied the DSS technology to flood damage assessment, risk prediction, and flood disaster levels, and some results have been achieved (Muste and Firoozfar, 2016) .
The intrinsic core of DSS is the intelligent forecasting model, which mainly derives the flood level, flow volume, etc. from the basic parameters such as topographic data and historical flood data. The traditional theoretical calculation methods include linear computing systems, time series models, etc (Prelipcean and Boscoianu, 2011) . With the continuous development of computer technology, researchers have applied nonlinear methods such as wavelet algorithm, genetic algorithm, and simulated annealing algorithm to flood disaster forecasting and assessment. Due to slow convergence rate, weak generalization ability, low calculation accuracy and other disadvantages of individual algorithms, related research has integrated several nonlinear algorithms to form a hybrid algorithm for flood forecasting (Kasiviswanathan et al., 2016; Cheng, Ji and Liu, 2009; Wu and Chau, 2006; Reyhani, Pakosch and Disse, 2010) .
Based on the existing researches, and in combination with the knowledge of artificial intelligence, management decision science, and theoretical derivation, this study constructs a flood forecasting model based on the improved neural network algorithm and applies it to flood forecasting and flood damage assessment (Cui and Lin, 2010; Isah et al., 2017; Liu and Tian, 2017; Zhang et al., 2006; Wu and Lin, 2009; Liu et al., 2007; Kan et al., 2015) . The research conclusion can provide theoretical reference for flood prevention and control.
Flood Forecasting and Assessment System
Overall system design The flood disaster decision support system designed in this paper comprehensively considers the multiple factors such as the dynamic nonlinearity of flood disasters, the uncertainty, complexity, and timeliness of flood disasters. The specific architecture is shown in Figure 1 .
The system is mainly divided into external conversion layer, information processing application layer and database layer. The external conversion layer mainly implements the input of user commands and the acquisition of analysis results, the information processing application layer is mainly used for flood forecasting and result assessment, and the database layer includes historical flood disaster data and various application models to facilitate the user's call. The specific functions of the database layer and the information processing application layer are as follows:
Database layer: It is mainly composed of Geographic Information System Database (GIS) and Model base. The former contains the basinrelated data, rainfall data, reservoir and land data along the basin, and the latter mainly stores the forecasting models for flood disaster prevention and control, such as rainfall accumulation model, flood evolution model and so on.
Information processing application layer: It is composed of several subsystems, such as flood simulation subsystem, flood information collection subsystem, rainstorm and reforecast subsystem, and flood control optimization dispatching subsystem, all of which operate independently. Flood flow forecasting algorithm based on improved neural network Flood flow forecasting algorithm is the core of the whole flood forecasting and assessment system. In this section, the traditional BP neural network algorithm is improved, and the improved algorithm is applied to flood forecasting and assessment.
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Where, ni and n0 are the number of nodes of the input layer and the output layer, respectively. The calculation flow of BP neural network is as follows:
The neural network related parameters (learning rate α, momentum/incremental factor, etc.), network weights, and thresholds are initialized. The input/output volume of each layer node is calculated by using Formulas 2 and 3:
Train the sample and calculate the network mean square error
Calculate the error surface gradient
Correct the network weight and the threshold in Formula 2 ( ) ( ) ( ) ( ) ( ) ( )
Correct the learning rate α ( ) ( ) ( ) ( ) ( ) ( ) ( )
The calculation procedure for obtaining the BP neural network according to Formulas 1-8 are shown in Figure 4 . In order to reduce calculation errors, normalization is performed when inputting data into the program: The traditional BP neural network has a slow convergence rate and many times of iteration. To avoid these defects, the genetic algorithm (GA) is used to improve the traditional BP neural network, and its specific optimization procedure is as shown in Figure 5 .
The genetic algorithm is used to generate the initial population needed for the calculation, and the excellent individuals in the population are extracted to calculate their fitness. Individuals whose fitness level does not reach the pre-set threshold are excluded, and the remaining individuals are retained and decoded as BPS neural network related parameters. After several iterations using BP neural network, some individuals are extracted to perform crossover and mutation operations until the optimal solution is found.
Fast flood assessment algorithm
The previous section introduces the flood flow forecasting algorithm established in this study, and this section assesses the degree of damage caused by the flood disaster. The evaluation indicators are established as follows:
Storm intensity in the basin during flood i is: The disaster grade is divided into microdisaster, small-scale disaster, medium-scale disaster and large-scale disaster by the Formulas 10-11 as well as other factors. For convenience of statistics, the number of deaths and the direct economic loss are converted, and the conversion formula of the number of deaths Cp(x) and the direct economic loss Ce(x) can be expressed as:
1 10 0.2 lg 100 0.01< 10 0 0.01
In Formula 12, x corresponds to the number of persons, while x represents economic loss (100 million yuan) in Formula 13. The corresponding micro-disasters are below 0.2, small-scale disasters are between 0.2 and 0.4, medium-sized disasters are between 0.4 and 0.6, and large-scale disasters are between 0.6 and 0.8.
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The disaster assessment algorithm also adopts the improved BP neural network algorithm of Section 2.2.
Test Results and Analysis

Flood flow forecasting comparison results
With the actual measurement results of a certain river basin as an example, the algorithm proposed in this study is verified and the flood monitoring results of the four monitoring points from the upstream to the downstream of the basin are selected. Figure 6 shows the flood flow prediction results of the RBF neural network and Figure 7 shows flood flow prediction results based on the improved BP neural network.
It can be found through the comparison of Figures 6 and 7 that, compared with the traditional RBF neural network algorithm, the improved BP neural network proposed in this study has higher prediction accuracy, and the correlation coefficient between the prediction result and the actual monitoring result is up to 96%, but correlation coefficient of RBF neural network algorithm is only 68%, which proves the feasibility and superiority of the proposed algorithm. Figure 8 shows the curves of parameters such as peak error and average error of GA-BP algorithm under different weights, from where it can be seen that when the weight range is 0.9-1.0, the predicted peak error and average error both reach the minimum value, and the certainty coefficient reaches the maximum value. Table 2 . From the calculation results in Table 2 , we can see that all the three algorithms can assess the flood disaster results. In terms of accuracy, the algorithm proposed in this study has the highest evaluation accuracy, and the RBF algorithm's disaster assessment grades are relatively smaller. At the same time, owing to the improvement of the traditional BP algorithm, its original convergence speed is no longer slow and it has a higher stability.
